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IntroductIon
Despite the prodigious effort that has been dedicated to modeling the effects of environmental change on animal abundance, there is a consensus that a greater level of predictive sophistication is needed (e.g., Wiens et al. 2009 , Huntley et al. 2010 , Urban et al. 2012 . In particular, quantifying the role of interspecific interactions relative to environmental influences and intraspecific interactions is an integral step to achieving the next generation of predictive tools (Davis et al. 1998 , Gilman et al. 2010 , Kissling et al. 2011 .
Measuring the degree and prevalence of interspecific interactions in affecting species' distribution and abundance has previously been limited by lack of appropriate and robust data sets and tools capable of dealing with community-level complexity. Recently, Mutshinda et al. (2009 Mutshinda et al. ( , 2011 ) developed a hierarchical model that partitions temporal variation in species dynamics between intraspecific density dependence, interspecific interactions, and environmental variation. Applications of this model have indicated that environmental forcing dominates temporal variation in abundance, and interspecific interactions Abstract. We evaluated the contribution of interspecific interactions, intraspecific processes, and environmental forcing to variation in species' abundance in a habitat undergoing rapid successional change. We applied a Bayesian hierarchical approach to a 29-yr time series of territory density of seven landbird species at a site in coastal California where secondary plant succession has occurred. We found that interspecific interactions were the least important driver in our system, explaining between 0% and 5% of variation. The combined effects of vegetation and rainfall variation explained 6% to 30% of variation in species trends. Intraspecific processes explained between 0% and 39% of variation. Between 27% and 90% of variation was attributed to unexplained variation. Our results demonstrate that in the system studied, interspecific interactions among landbirds are relatively unimportant. These results suggest that in some cases it may be valid to model projections of individual populations to predict community responses to future conditions; however, this conclusion should be interpreted with caution because interspecific interactions in our community did not include novel interactions that could result from distributional shifts in species ranges.
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are of relatively minor importance (Mutshinda et al. 2009 (Mutshinda et al. , 2011 . However, only weather variation has been explicitly modeled (Mutshinda et al. 2011 ) and models have not been applied to systems undergoing directional changes that would result in shifts in community composition. Here, we use the modeling approach of Mutshinda et al. (2009 Mutshinda et al. ( , 2011 to test the role of interspecific interactions in shaping long-term passerine and near-passerine (hereafter landbird) community dynamics in a directionally changing habitat. We evaluate a data set detailing temporal variation in breeding territory densities of a landbird community responding to successional changes in the plant community and vegetation structure, and partition temporal variation among interspecific competition, intraspecific density dependence, and vegetation and weather variation.
Methods
Data collection
Study site and system.-The Palomarin Field Station of Point Blue Conservation Science (formerly PRBO) is located at the southern end of the Point Reyes National Seashore, Marin County, California. The study area was cultivated for agriculture and grazing in the first half of the 20th century. After incorporation into the National Seashore in 1965, disturbance to the study area has been minimal. Successional revegetation from grassland and early successional coastal scrub has been rapid and heterogeneous; four and a half decades later, some areas are primarily composed of coyote bush (Baccharis pilularis) and other areas dominated by Douglas-fir averaging 9 m tall (Pseudotsuga menziesii; Porzig et al. 2014) .
Bird density.-From 1982 to 2010, data were collected on breeding territory density of landbirds with territory mapping and nest searching. The study area was intensively surveyed by 3-5 biologists 5-7 d/week from 15 March to 31 July annually, with daily censuses lasting 4-6 h. Each bird encounter (visual or auditory) was mapped and behaviors were described. To facilitate accurate mapping, colored stakes were placed every 30 meters throughout the study area. Individuals of five of the species included in this analysis, Bewick's Wren (Thryomanes bewickii), Song Sparrow (Melospiza melodia), Spotted Towhee (Pipilo maculates), White-crowned Sparrow (Zonotrichia leucophrys), and Wrentit (Chamaea fasciata), were marked with unique color bands to facilitate individual identity. Throughout the study, the final territory maps for each season were deter mined by a combination of criteria, including counter-singing, breeding observations, nest locations, and clustering and timing of singing locations, and these territory maps were vetted by G. R. Geupel (method described in Porzig et al. 2014) . The time series for each species was constructed from the number of territories within the 36 hectare study area each year. We focus on territory densities of a subset of seven species: Anna's Hummingbird (Calypte anna), Bewick's Wren, Wrentit, Orange-crowned Warbler (Oreothlypis celata), Spotted Towhee, Song Sparrow, and White-crowned Sparrow (Fig. 1 ). These seven species occurred on the study site every year throughout the study period and represent a range of life-history strategies with respect to migration, nest site microhabitat, and nest type; however, they can broadly be categorized within the same guild because of shared similarities in habitat and resource use. We assume the variation in bird species' densities in this study are representative of the entire population being modeled.
Vegetation and rainfall.-Height and cover of woody plant species were measured annually at eight locations consisting of four 10-meter transects, except in 1986-1988; we interpolated values of each vegetation variable in these 3 yr using local polynomial, or Loess, regression. We selected changes in mean annual Douglas-fir height to represent changes in vegetation structure based on earlier work where we identified Douglas-fir height as the best vegetation variable for explaining variation in bird abundance of these seven species at our study site (Porzig et al. 2014) . Rainfall was measured daily on-site and rainfall was summed annually for the period from 1 July to 30 June, which captures the rainfall at the site prior to the initiation of the nesting season (Appendix S1: Fig. S1 ). These variables were scaled and centered before they were used in the modeling.
Data analysis
Model.-We used a hierarchical modeling framework based on the model presented by v www.esajournals.org PORZIG ET AL. Mutshinda et al. (2009 Mutshinda et al. ( , 2011 . The foundational component of our model is a modified Gompertz density dependent model:
where m t,i is an intermediate estimation of n t,i the natural log of estimated territory abundance of species i in year t; n t−1,i is the natural log of territory abundance of species i in year t−1, r i is the instantaneous growth rate of species i, k i is the carrying capacity, PR t is rainfall in year t (i.e., "bioyear" from 1 July in year t−1 through 30 June in year t), PV t is Douglas-fir height in year t, and α ij is the interaction coefficient. The interaction coefficient, α i,j , allows for the inclusion of intra-and interspecific interactions. This term is a 7 × 7 matrix with the main diagonal, α i,j , allowing for the inclusion of intraspecific abundance in the year t−1, set to 1. The off-diagonal terms, α i,j , represent the effect of species j in year t−1 on species i in year t.
The random shocks to the system, ε t , are estimated by ε t = Tau t + Demprec t , where Tau t is unexplained variation that might come from unmodeled environmental variables or un-modeled species interactions, and Demprec t represents the precision due to demographic stochasticity. This estimation is done in two steps, as follows:
such that the n t,i is the natural log of the observed population size, which is distributed normally with mean, w t,i , and precision Demprec, which varies with populations size. w t,i is multivariate normally distributed with mean m t,i and precision Tau. Tau represents the unexplained variation that might come from un-modeled environmental variation and other un-modeled sources of variation such as un-modeled species interactions (Mutshinda et al. 2011 ). Unlike Mutshinda et al. (2011) , we did not include sampling error, because with our intensive field effort and daily coverage of the relatively small study area, we expected sampling error was negligibly low.
Posterior distributions of parameter estimates were then used to summarize variance partitioned using the following equations. Following Mutshinda et al. (2011) and Saether et al. (2000) , we partitioned the total environmental variation, E, affecting each species with:
where C is the unexplained variation and is the inverse of the precision Tau, and var(RV) and var(PV) are the variances of rainfall and Douglas-fir height. Because these two covariates were scaled to unit variance, Eq. 4 reduces to
. We summarized total intra and interspecific interactions using the equation: (5) where F is the total interactions of each species, var(j) is the variance in temporal trend of each species and r, k, and α are as described above. We estimated total variation in the system as the sum of F and E for each species, and from these equations, we partitioned variance in the system between environmental forcing and intra-and interspecific interactions.
Prior specification.-We assigned diffuse priors to all terms. Following Mutshinda et al. (2011) , we placed an inverse Wishart prior on Tau. We set the scale matrix to a 7 × 7 identity matrix. We assigned Normally distributed priors with mean 0, and precision 0.1 to both environmental covariates (where precision = 1/variance), uniform (0, 10) to k, and uniform(0, 5) to r. We assigned a uniform (0, 10) prior to sdem, which is embedded in the demographic stochasticity term, Demprec by
Given our range of population sizes and the prior on sdem, Demprec can range from 0.001 to 6000.
We evaluated the robustness of parameter estimates to prior distributions by comparing estimates for the same parameter with different priors (Cressie et al. 2009 ). The priors we used on r, k and the environmental covariates differ from the priors used by Mutshinda et al. (2011) to facilitate convergence. Model fitting.-We estimated the posterior distribution of the model parameters using OpenBUGS via the R2OpenBUGS library in R (Sturtz et al. 2005 , Lunn et al. 2009 ). We ran three chains of 60,000 iterations, discarding the first 20,000 iterations. We evaluated convergence by visually examining the traces and mixing of the three chains. We confirmed model fit through posterior predictive check, where we compared the mean and 95% credible interval of the estimated log population abundance, m t,i to the observed log abundance, n t,i (Appendix S1: Fig.  S1 ). For the parameter estimates, we report both the standard 95% Bayesian credible intervals as well as 68% credible intervals to facilitate comparison with previous applications of this model (Mutshinda et al. 2009 (Mutshinda et al. , 2011 .
results
Model fit was good overall, with the majority of estimates and the general pattern of variation captured for each species; however, 95% credible intervals failed to encompass the observed population values in some cases (Fig. 1) .
Unexplained processes accounted for the majority of variation in abundance, ranging between 27% and 90%. Measured environmental variables, rainfall and vegetation change, explained between 6% and 30% of variation (Fig. 2) . Intraspecific processes explained between 0% and 39% of variation in temporal abundance. Interspecific interactions were of very minor importance, explaining 0% to 5% of variation in temporal abundance. Between 7% and 71% of total variation was explained for each species (Fig. 2) .
The effects of annual rainfall on species trends was low (Fig. 3) , with no species showing an effect within the 95% or 68% credible interval (Appendix S1: Fig. S2 ). There was a stronger effect of vegetation change on species trends (Fig. 3) , with five species significantly affected at the 68% credible rate (Appendix S1: Fig. S2 ).
Coefficients of interspecific interactions were all very close to zero, with no estimates being greater than 0.02. Posterior density estimates of variance due to demographic stochasticity were negligible, indicating that demographic stochasticity had a negligible effect on variation in our system.
Density plots of prior and posterior distributions are shown in Appendix S1: Fig. S3 . As an indicator of sensitivity of α estimates to prior specification, we include density plots for two different prior distributions on this term. When α is centered at zero, changing the prior on gam, the inclusion indicator for SSVS, to 0.9, such that α is more likely to be estimated freely, resulted in estimates still being at or very close to zero, but with a wider variance.
dIscussIon
We found that interspecific interactions among seven bird species did not play a dominant role in shaping long-term dynamics of landbird abundance at a site undergoing vegetation succession. Our results support the conclusions of other studies showing weak contribution of interactions between species within the same guild to community dynamics (Houlahan et al. 2007) , including earlier applications of this model to moths (Mutshinda et al. 2009 (Mutshinda et al. , 2011 . These results contrast earlier theoretical and empirical studies demonstrating the potential for interspecific interactions to affect species response to environmental forcing (Kissling et al. 2011) . Many of the studies showing the importance of interspecific interactions have focused on pairs of species that are often strongly ecologically linked, such as butterflies and their host plants (Araújo and Luoto 2007) , invasive species and congeners (Yackulic et al. 2014) , predators and prey (Gilg et al. 2009 ), or species competing for the same limited resources such as cavity nesting birds (Wittwer et al. 2015) , as opposed to species within the same guild.
The results presented here must be interpreted in the appropriate context, which includes several important components. First, we assume that the effects of species interactions, if present, would have been detected. However, it is possible that there are sufficient constraints on statistical power to detect these interactions. Second, our results are subject to model assumptions, including that population growth rates scale linearly with the natural log of abundance, the effects of vegetation change and rainfall are also linear, and that interspecific interactions are linear and do not change over time. Third, there is an inherent difficulty in separating variances in correlational data where populations are changing in concert with each other and with their environment.
Yet, despite these factors, several strengths of this study remain. This study uses long-term data measured through intensive sampling, thus likely resulting in negligibly low sampling error. There is also a strong directional change in habitat conditions through time, and a demonstrated ability to explain single species dynamics with a logistic population model (Porzig et al. 2014) .
The degree to which populations and communities are shaped by interspecific interactions is a cornerstone question in ecology (Houlahan et al. 2007) , and is made especially relevant as we face increasing rates of ecological change (Kissling et al. 2011) . Our results suggest that in this system, including interspecific interaction would provide only marginal improvements to only including environmental conditions in the prediction of population and distributional response to future climate and land-use scenarios.
